Resilience measurement continues to be a meeting ground between policy makers and academics. However, there are inherent limitations in measuring disaster resilience. For example, resilience indicators produced by FEMA and one produced by an independent academic group (BRIC) measure community resilience by defining and quantifying community resilience at a national level, but they each have a different conceptual model of the resilience concept. The FEMA approach focuses on measuring resilience capacity based on preparedness capabilities embodied in the National Preparedness Goals at state and county scales. BRIC examines community (spatially defined as county) components (or capitals) that influence resilience and provides a baseline of pre-existing resilience in places to enable periodic updates to measure resilience improvements. Using these two approaches as examples, this paper examines the differences and similarities in these two approaches in terms of the conceptual framing, data resolution, and representation and the resultant statistical and spatial differences in outcomes. Users of resilience measurement tools need to be keenly aware of the conceptual framing, input data, and geographic scale of any schema before implementation as these parameters can and do make a difference in the outcome even when they claim to be measuring the same concept.
Introduction
The 2017 Atlantic hurricane season was one for the record books. Within one month three Category 4 hurricanes made landfall in the US including the second most expensive disaster in the nation's history (Hurricane Harvey), another multi-billion-dollar hurricane (Irma) affecting Florida, US Virgin Islands and Puerto Rico, and a deadly third hurricane that decimated Puerto Rico and the US Virgin Islands (Hurricane Maria). A year later, the nation continued to suffer a series of billion dollar disasters culminating in Hurricanes Florence (Carolinas) and Michael (Florida panhandle), and California wildfires. The need to move from short-term disaster relief to longer term and more sustainable efforts to build and enhance disaster resilience became obvious in the aftermath of these events. But what does resilience to disasters actually mean in theory and in practice?
Superstorm Sandy in 2012 coupled with the far reaching US National Academies report (NAS 2012) on the nation's resilience to disasters ushered in a shift in federal disaster policy towards a more proactive approach, one that fosters and enhances the "ability to prepare and plan for, absorb, recover from, and more successfully adapt to adverse events" (NAS 2012, 1) -the report's definition of resilience. The 2017-2018 disasters provided a poignant reminder that enhancing resilience continues to be a national imperative now more than ever before.
Disaster resilience is now a key element in the US national security doctrine, formerly adopted in 2017, and defines goals and objectives for improvements in abilities to withstand and recover from a wide range of stresses or shocks that befall the county including natural hazards (US DHS 2018) . Efforts underway within the federal government to incorporate disaster resilience into programs and practices include the Department of Housing and Urban Development's (HUD) post-disaster recovery competitions based on their Rebuild by Design Competition in the Hurricane Sandy affected area, and its subsequent national expansion through the National Disaster Resilience Competition (US HUD 2015) . Other federal initiatives include the National Institute of Standards and Technology (NIST) efforts in developing a community resilience planning guide (NIST 2016) and associated outreach materials (NIST 2019) , and the multi-targeted all-agency programs within the Department of Homeland Security's Resilience portfolio focused on building a culture of preparedness for the nation (US DHS 2018) . Inherent in the establishment of federal policy is the need to describe resilience or at least a community's capacity for resilience and then monitor progress towards achieving the goals of the federal policy. Monitoring progress requires some evidentiary approach, which in turn necessitates some form of measurement.
This paper addresses some of the inherent difficulties in measuring disaster resilience based on existing approaches with a policy-relevant focus on monitoring baseline resilience parameters in communities. Using four characteristics: conceptual framing, operationalization of the concept, measurement scale, and outcome via data visualization or mapping, we provide a comparison of two prominent US based place-based resilience measurement schemes as exemplars. We are particularly interested in the compatibility and the distribution of outcomes in terms of county and state rankings as well as their regional distribution.
Context and Meaning of Disaster Resilience
One of the reasons why resilience and its narrower construct disaster resilience are so popular is the vagueness of the terms, which enable broad and diverse conceptualizations and interpretations that in turn, make resilience a relevant concept when applied to a wide range of differing contexts. Depending on the context, resilience infers different attributes, properties, scales, meanings, and applications of the concept (Alexander 2013) . Some researchers have gone so far as to question the basic utility of the idea by asking resilience to what and for whom (Klein, Nicholls, and Thomalla 2003; Manyena et al. 2011; Manyena 2014; Cutter 2018) , while others use normative or empirical descriptions of resilience as a collection of attributes, assets, or capacities of individuals, communities, places (Linkov et al. 2013; Weichselgartner and Kelman 2015) . Some view resilience solely as an outcome (bouncing back to what was) while others view it as a process and employ qualitative to quantitative methodologies (Norris et al. 2008; Folke et al. 2010; Plough et al. 2013; Bogardi and Fekete 2018) . The appeal of resilience for many people, is in fact these different notions and perspectives, which makes understanding and measuring disaster resilience so complex.
There are a variety of measurement schemes and reviews focused on measuring disaster resilience from local to national scales (Beccari 2016; Cutter 2016; Ostadtaghizadeh et al. 2015; Sharifi 2016; Johansen, Horney, and Tien 2017; Cai et al. 2018) , as well as approaches to validation and construction (Burton 2015; Bakkensen et al. 2017; Jülich 2017; Cutter and Derakhshan 2018) . However, there are no standard approaches to resilience measurement, with every study promulgating its own depending on purpose. This is not surprising given the very nature of resilience, especially the intrinsic measurement conflict between what is (empirically-determined descriptions) and what could be (normative approach) based on some external goal or standard. The inconsistencies in conceptual framing and goal of the measurement contribute to the lack of standardization of the components, and the scale at which data are collected and the metrics are applied.
Since the publication of the 2012 National Research Council study, there have been a series of workshops in the US focussed on how to measure resilience (NRC 2015; NASEM 2017 NASEM , 2018 , but no overall assessment or comparison of existing approaches. This is partially a result of the paucity of resilience measurement studies, but more importantly the differing needs (locally-driven, consistency across communities, linkages to outcomes) of users including policy makers. To overcome this deficiency, we selected two frameworks to compare measurements of disaster relience based on three criteria: original intent (tracking the pre-existing resilience of communities to measure progress over time); spatial scale (counties and/or states); and consistency in input data sources (use of federal data). The two frameworks were the one developed by the Federal Emergency Management Agency (FEMA) and the National Oceanic and Atmospheric Administration (NOAA) to measure resilience capacity at the state scale (MitFLG 2016) , and the Baseline Resilience Indicators for Community (BRIC) originally developed at the county scale (Cutter, Burton, and Emrich 2010; Emrich 2014, 2016 ). Before we describe our methods of comparison, we first provide some initial background on the FEMA and BRIC schema themselves in terms of conceptual framing and units of analysis.
Background on FEMA Indicators and BRIC
The National Academies 2012 recommendations provided the impetus for the federal interagency Mitigation Framework Leadership Group (MitFLG) to develop a set of common indicators to help communities track progress towards achieving resilience. Originally led jointly by FEMA and NOAA the federal effort soon expanded to include multiple federal agencies. Acknowledging the need for the federal government to help foster local resilience capacity given the lack of locally-specific data and understanding, the challenge was to develop a consistent framework for measurement to "help guide the development of useful measures, promote the identification and sharing of relevant data, and facilitate the collection of new data needed to fill critical information gaps" (FEMA 2019) . The conceptual framing of the indicators is aligned with the National Preparedness Goal and its ten core capabilities specifically those associated with recovery and mitigation (e.g. housing; health and social services; economic recovery; infrastructure systems, natural and cultural resources; threat and hazard identification; risk and disaster resilience assessment; planning; community resilience; and long-term vulnerability reduction) (MitFLG 2016) .
The interagency indicators (hereafter referred to as FEMA indicators) consist of 32 variables in 10 categories of community resilience consistent with the core capabilities mentioned above (Table 1) . Using federal publicly available datasets, 16 out of the 32 proposed measures have baselines (specific measureable criteria) in the version (2016) we examined; the remaining 16 are proposed and awaiting further development. Furthermore, of the 16 calculated indicators, 9 are at state levels of geography (minimum requirement), while 7 are at the county scale (preferred). There are qualitative statements about how increases or decreases in the criterion enhance resilience. There is no overall effort to create a summary resilience measure across all the indicators as part of FEMA's effort, rather the measurements are designed to track progress in each of the core capabilities examined. The geographic distribution of each indicator is mapped in a visualization tool using its relevant geography (county or state). The BRIC conceptualizes disaster resilience as the inherent characteristics and capacities within communities that enhance or detract from their ability to prepare for, respond to, recovery from, mitigate, or adapt to hazards events or disasters (Cutter, Ash, and Emrich 2014) , thus following the National Academies report definition (NAS 2012). The place-based approach suggests that communities are a system of systems whereby the various functions or capitals within a community are measureable, and then integrated across capitals to produce an overall measure. Derived from the capitals approach (Ritchie and Gill 2011) to understanding community resilience BRIC uses 49 variables categorized into six distinct capitals (social, economic, institutional, housing/infrastructure, environmental, and community capital) at the county unit of analysis ( Table 2 ). The purpose of BRIC is to establish a baseline of resilience at a discrete point in time in order to have a starting point for monitoring progress over time and across space. It addresses the simple underlying question of how do you know whether or not some policy intervention or program has made a difference in the resilience in the community, if you have no set beginning point or baseline condition to start from. This intent is very similar to the FEMA indicators (establishing the beginning point with some type of goal statement), however, the mechanisms whereby baselines are established differentiates the two approaches.
For each capital in BRIC, the input variables are normalized (using min-max procedures) to range from 0 (low resilience) to 1 (high resilience), and then averaged within each of the six capitals to produce a capital score ranging from 0 to 1. To create the final summary score for the whole county (our unit of analysis), the capital scores are summed so that the overall BRIC score has a theoretical range of 0-6, representing low to high resilience, respectively (Cutter, Ash, and Emrich 2014) . Once the overall scores are determined, mapping counties by the total score or by each individual capital value facilitates examining their geographic distribution.
Given the differences in intent and conceptual framing, there are only two specific variables with a direct overlap between the two schemes. The first is health care availability (an element of social resilience) measured as the number of physicians per 100,000 persons (or 10,000 people in the case of BRIC). The other is employment opportunity, although measured slightly differently. The FEMA indicator uses a 3-year unemployment rate (% unemployed) as the measure, while BRIC uses the inverse, or the 5-year employment rate (% employed), conceptually arguing that employment is a positive characteristic of community resilience rather than unemployment. Given these two independent approaches and input variables, how well do the two composite indices conform to one another statistically and spatially? -period (2010-2015) were used in the analysis. In order to compare the indicators between the two approaches some adjustments were necessary to normalize and aggregate the variables for county and statewide comparisons. We normalized variables based on min-max procedures (the BRIC method) with values ranging from zero to one, where one indicates more resilience and zero means less resilience. The min-max normalization is useful because of its intuitive understanding, relative ease of computation, utility as a comparative ranking approach, and widespread use in social indicators research (Tarabusi and Guarini 2013) . Missing values are not included in normalization and assigned a value of zero. For interpretation purposes, the higher the aggregated resilience score, the more resilience in that state or county. Five variables in the FEMA approach needed inverting after normalization to make the scales compatible, e.g. higher scores indicating more resilience (see Table 1 ). For example, housing affordability as measured in the FEMA approach reflects those households whose housing costs are greater than 30% of their monthly income. Places with more households (higher percentages) are interpreted as less resilience, so we took the inverse of that which means the lower percentage of households with housing burdens reflects greater resilience.
Spatial data coverage was problematic in comparing the two schemes. For example, Wade Hampton Census Area in Alaska exists in the BRIC score for communities but is not included in FEMA indicators at the countyscale. Thus, we eliminated this county in the comparative studies at the county scale. Second, county data coverage in the FEMA approach was problematic with less than half (only 7 variables) having county-level data. Of those seven variables, mitigation investment (percentage of SBA home disaster loan funds spent on mitigation assistance), had missing data for 1876 counties (nearly 60% of all US counties). We eliminated this indicator from the final resilience score computations, thus reducing the number of indicators used in FEMA approach from the original 16 to 15.
Some of the variables were available at the county scale, while others were only at the state level. We aggregated county-level data by computing a state average for all variables measured at the county level. The BRIC index required this level of statewide aggregation for all 49 variables. In a sensitivity test of this aggregation procedure, we found differences when using source material reported at the state level and our county averaging approach for some individual variables. The differences are rooted in the normalization process itself and whether data are normalized across 51 states/district or 3142 counties. Since county values account for more of this variability given the larger range in the number, the averaging of normalized variables into the capitals score and then aggregating and normalizing using the smaller range (1-50) at the state scale, the differences are less apparent.
To compare state-level data to county scales, we disaggregated data by computing a county average and then distributing that value to each county in order to preserve the mean and standard deviation of the state value. There are some differences that are statistically significant here as well. A fuller discussion of these known biases in aggregation and disaggregation procedures is in the discussion section of the paper.
While the development of a composite index was not the intent nor part of the FEMA approach, we did need an overall score in order to compare the two approaches and their results for comparative ranking and mapping purposes. Summing normalized values for each indicator (15 in FEMA) or composite indicator set (6 in BRIC) creates the final resilience score at both the county and the state scale of geography, which we use in the comparisons. In the case of FEMA, the range of scores goes from 0 to 15, while in BRIC the theoretical score ranges from 0 to 6 just like in the original formulation (Cutter, Ash, and Emrich 2014) . In this manner, we are using a composite index construction to compare the relative rankings of counties and states based on two different place-based approaches to resilience.
Because each approach defines resilience differently, we hypothesize that there is no significant statistical correlation between the BRIC and FEMA measurement schemes. However, since each one purports to measure some aspect of disaster resilience, we suggest there may be some consistency in the geographic distribution of their outcomes. In other words, when mapping aggregate values of resilience for the FEMA and BRIC approaches, there is some modest geographic alignment of states, but less so at the county level. We explore four different reasons for the variability: framing and variable choice; measurement scale; index construction; and mapping categories.
Results
There is considerable statistical variability between the two approaches as expected in terms of the data range, average, and standard deviation of the scores. Both the statistical and spatial comparisons are examined first for county-level data and then for data at the state level of geography for each of the two approaches -BRIC and FEMA.
County-Level Resilience Score Comparisons
In the FEMA approach county-level resilience scores range from a low 5.049 (Issaquena County, MS the least resilient), to 9.804 (Holmes County, FL, the most resilient); with an average score of 7.863 and a standard deviation of 0.737. In contrast, BRIC county-level scores range from a low of 2.059 (Aleutians East, AK) to 3.324 (St. Charles, LA); with an average score of 2.73 and a standard deviation of 0.15. There is a statistically significant difference between the means of community resilience scores based on the two approaches (t = −368.84, p < 0.001) as expected.
The community resilience scores of FEMA and BRIC are not statistically correlated at the county-level (r = 0.047, p < 0.01). There are also no overlaps between the most and least resilient counties based on the two approaches evaluated and their comparative rankings (Table 3) . Further, the examination of counties in the upper and lower 99 th percentile ranks also does not show any geographic compatibility either. In the FEMA construction 30 out of the 32 most resilient counties are from Florida, while 26 out of the least resilient are from Mississippi. This is very different than in BRIC, which shows a much broader geographic pattern (Figure 1 ). Figure 1 illustrates the spatial patterns of resilient counties, using both a five class distribution of resilience scores based on standard deviation and a different classification system based on natural breaks. Classification for mapping purposes based on standard deviations preserves the underlying distribution of the data around the mean, with equal value ranges (e.g. one-half standard deviation, one standard deviation). Natural break is another classification method for mapping based on unevenly distributed clusters of cases defined by large differences in the data values. Natural breaks categories preserve the data's spatial attributes, while map classes using standard deviations preserve the underlying statistical properties including assumptions about normally distributed data. Counties in the central US score high according to both methodologies, while counties in western states have lower scores in both approaches. As was the case with the lack of statistical associations between the scores using both approaches, the spatial distribution also shows considerable variability between the two methods.
State-Level Resilience Score Comparisons
At the state scale, Iowa is among the top five most resilient states in both approaches, while Hawaii ranks among the five least resilient states (Table 4) . Overall, the state rankings are dissimilar. The difference between the mean scores by state in the FEMA and BRIC efforts is statistically significant (t = −411.23, p < 0.001) which also holds true for the standardized score means (t = 79.46, p < 0.001). As was the case with the county-level analysis, there is virtually no correlation between the two approaches (r = 0.051, p < 0.01) in terms of the summary scores. From a spatial perspective as well, there is little regional agreement between the two approaches at the state scale. For example, in the 5-category classification using standard deviations, only Hawaii (low resilience), Oregon, California, Arkansas, and Alabama (low-mediums resilience), Kentucky and South Carolina (average resilience), and Illinois (medium high resilience) appear in the same category in both approaches, roughly 16% of the states.
Using the natural breaks classification approach in mapping, there is a bit more consistency with roughly 26% agreement in state ranks. The FEMA natural breaks map shows a bit more diversity in the distribution of resilience by state, while BRIC tends to concentrate states as either medium low (South to the West) or medium high (Upper Great Plains to Northeast) (Figure 2 ). Another way to examine the spatial consistency (or lack thereof) between the two approaches is by showing the alignment of scores into concordant (high-high, low-low) and discordant (high-low, low-high) pairs based on their composite values on FEMA and BRIC. As shown in Figure 3 , 29 states are in alignment in the rankings for the natural breaks categorization (20 in upper right quadrant or high-high placement in both; and 9 in the lower left quadrant, low-low placement on each scale). Based on the plot, states tend to score slightly higher on BRIC indicators compared to FEMA ones. 
Discussion: Variability in Measurement Outcomes
The variability in outcomes (the scores and spatial distribution) between the two approaches is a function of four elements: conceptual framing and variable choice; measurement scale; index construction methods; and data visualization (mapping). First and foremost, the conceptual framework for any index entails not only the development of the framework itself, but the selection of variables to operationalize it. The design of the FEMA disaster resilience framework is to measure community resilience capacity and its alignment with the core capabilities under the National Preparedness Goal (MitFLG 2016). The primary themes in determining baseline community resilience include: housing, health, economic, access and functional needs, community planning, and social connectedness. The methodology used as a cross-walk to gauge the efficacy of existing capabilities, prioritize capacity building strategies, and chart progress towards achieving resilience at the national scale. The focus on capabilities and the need to compare at state and county scales led to the selection of relevant variables and the use of federal data sets.
Like FEMA, BRIC also attempts to measure baselines for disaster resilience, but uses a different conceptualization derived from the capitals contributing to resilience -social, economic, institutional, housing/infrastructure, community capital, and environmental. Variable selection matched each of the six capital areas and known drivers of community resilience as defined by the extent literature. Data availability from national sources at the county scale such as the US Census was also a consideration in the selection of variables. While both employed a deductive approach to the conceptual framing, the choice of specific variables differed. In the case of BRIC variable selection was governed by theoretically-informed correlates of resilience based on prior research studies and data availability, while the FEMA variable selection was driven by the best available federal data sets that connected to each of the core capabilities and mission areas -recovery and mitigation.
The second factor contributing to variability between the two approaches is the unit of analysis for the data collection. The FEMA approach uses a combination of state-level indicators which mask sub-state variability for many of its thematic areas. At least half of the FEMA variables are at the state scale of measurement. In contrast, BRIC uses county-level data for all variables. The different units of measurement lead to data interpretation biases known as the ecological fallacy and individual fallacy whereby assumptions are made that state averages extrapolated to county-level units represent the same phenomena (ecological fallacy), and that county aggregation to state levels also adequately captures state-level phenomena (individual fallacy), despite the underlying enumeration unit (Longley et al. 2015) . We further intentionally compound the ecological and individual fallacies by aggregating BRIC to a statewide average, and disaggregating FEMA statewide variables to county-level scales in order to effectively compare the two statistical and spatial outcomes of each framework. For example, as BRIC data is available at both county and state levels, we compared the ranking of states using state-level raw data and county-level raw data, which indicated a change in the ranking for some of the states. The ranking for states like New York, Maine, DC, and Rhode Island would show a higher resilience ranking when using county level data to compute statewide values, while states like Wyoming, Utah, Montana, and Nebraska would show a lower resilience ranking. Therefore, the unit of analysis and scale of measurements can directly influence the results of the comparisons.
The third element contributing to difference is the basic construction of the metric itself. For example, there is no attempt to aggregate all the indicators into one summary measure as a comprehensive look at overall resilience in the FEMA approach. Instead, the FEMA indicator framework provides a baseline for each of the selected indicators and a descriptor of a desired tracking progress outcome. For example, the cost-burdened household variable is the percentage of households where the monthly housing costs including utilities exceed 30 percent of monthly income. This indicator shows the US 5-year average (2008) (2009) (2010) (2011) (2012) based to be 32 percent, with a range of 22-40 percent among the states (MitFLG 2016, B-18) , but when using county-level data (represented in the project map viewer) the range is from 5 to 48 percent. A reduction in this percentage over time would indicate progress towards building housing-related community resilience capacity by improving housing affordability, but there is no explicit target of how much reduction is needed to say progress is being made. In order to compare the two approaches, however, we needed to create some type of composite measure that would permit spatial and statistical comparisons. We acknowledge that this is somewhat problematic insofar as it presumes that all the variables are discrete and not interdependent. In computing a single score to represent the complexity of resilience (without any internal validation), we have imparted this implicit assumption to the FEMA approach.
The conceptualization in BRIC stems from the notion that all of these capitals are important drivers in disaster resilience, but in some places, some capitals may be more pronounced. Unlike FEMA, BRIC sums all the capitals (based on the mean score within each) in order to derive an aggregate number to compare one place to another. Further, the construction of BRIC went through a rigorous internal validation in its original construction (Cutter, Burton, and Emrich 2010; Cutter, Ash, and Emrich 2014) . The overall score determines the baseline, with a temporal capability for assessment over time to discern changes in overall levels or among the driving factors themselves. For example, drilling down into an individual capital illustrates the driving factors behind it (and its contribution to the overall score) and highlights where investments can improve resilience based on the capital involved. For example, consider two of the counties in the lowest 99 th percentile of resilience, Imperial County, California and Glades County, Florida. Both are prime agricultural regions with expansive inland waterbodies within their boundaries. Glades County has a significantly lower population and population density than Imperial County, yet their BRIC scores are similar -2.273 for Imperial and 2.350 for Glades. The driving factors behind disaster resilience in Glades County are environmental, followed by social, and institutional. For Imperial County the drivers of resilience are social, economic, and environmental. The community capital in Imperial County is the lowest (and therefore the one where enhancements could improve the overall score). In the case of Glades County, infrastructure/housing is the lowest and again an area where improvements would garner overall increases in overall resilience in that county.
The last element contributing to the variability between the FEMA and BRIC approaches is the visualization of the data. For FEMA, a web-based viewer is available showing the geographic distribution of each indicator using choropleth maps. There is no documentation on the classification system used for the map categories, but it appears as a four-class categorization based on natural breaks in the data values for both county and state data sets (MitFLG 2016) . BRIC visualizes its data also using a choropleth map but employs a standarddeviation classification system based on the distribution of the underlying county data Emrich 2014, 2016) . For the purpose of comparison, we visualized the FEMA and BRIC data in two ways -first as standard deviations from the mean; and then using natural breaks. Both preserve the natural distribution of the underlying data values, but natural breaks maximize the differences in data values between the classes, while standard deviations preserve the statistical distribution. The resultant maps vary significantly in their representation of resilience scores between FEMA and BRIC at both the county and state levels of geography (see Figure 1 and Figure 2 ). The choice of mapping categories is as important consideration in representing geospatial data on a map in order to reduce misinterpretations (Monmonier 2018) .
Utility of Measurement
Engagement with the resilience concept is important from not only from a scholarly view but also from a policy perspective. In many respects the policy interest in disaster resilience is ahead of the science of disaster resilience, most notably its measurement. As of yet, there is little consensus on the definition of community resilience or its measurement. For example, the NIST community resilience planning guide for buildings and infrastructures is one tool to help communities improve their resilience (NIST 2016) . The guide has a six step planning process to help local jurisdictions plan for increased resilience by aligning resilience goals with their expectations of the performance of the built environment in meeting basic community functions such as public safety, transportation, water infrastructure, and so forth. The resilience is determined based on the length of time post-event to recover these essential services and functioning infrastructure (NIST 2016) . Within the NIST planning guide there is no baseline measure of pre-existing resilience at community levels which might be useful for informed decision making and developing aspirational goals to become more resilient.
The FEMA approach provides a framework for compiling resilience indicators and tracking changes in them at the state scale. It is unclear how this effort can inform resilience decisions at either the federal or state level in its present construction. Inasmuch as the separate indicators provide some useful data points (although lacking recent data for many of the variables) that could be monitored periodically, without any explicit targets for improvement the use of the FEMA tool seems unlikely for state and local entities. If the effort was re-aligned to focus on meeting the target goals produced by the Sendai Framework for Disaster Risk Reduction (SFDRR) (United Nations 2016) to advance risk reduction and build resilience for example, there would be a greater likelihood of its utility, but only for reporting national progress towards meeting the SFDRR global targets. A state by state level analysis of the SFDRR indicators and targets might prove useful for federal decision makers in terms of regional investments in lessening the impact of disasters before an event occurs, as well as determining the equal access to mitigation and preparedness resources under FEMA's whole community concept. Whether or not the FEMA tool leads to improved resilience is unknown at present given it is still in the experimental stage. However, the approach has led to a recognition of the need for more robust datasets at the federal level to support state and community resilience efforts.
Making a similar criticism of BRIC's utility to resilience decision making is equally important. However, there is a greater likelihood of BRIC's usefulness because of the spatial scale (county), ability for period updates (to track progress over time), and comparative representation of both individual drivers (capitals) of resilience and overall composite scores that can examined within and between counties and states. In fact, a new tool from FEMA, the National Risk Index (FEMA 2017) specifically designed to visualize and compare risks across the nation at state, county, and sub-county scales uses BRIC as one of the four main input datasets. While not fully operational, the National Risk Index is clearly moving in the direction of providing an online tool capable of integrating probabilistic assessments of hazard likelihood along with spatial data on social vulnerability, the built environment, and community resilience. However, many of BRIC's input variables reflect a top-down approach with characteristics not readily changeable by state and local actions. A rethinking of resilience metrics that combine top-down and bottom-up baseline indicators may be more fruitful and reflective of real actions to monitor and enhance community resilience in the US especially at sub-state levels of geography.
Conclusion
This paper illustrates two different tools -FEMA and BRIC -that seemingly purport to measure resilience, but are in fact measuring very different and diverse aspects of disaster resilience. This nuanced point is important as both attempts are conceptually-framed, but ultimately it is the choice of variables (that operationalize the framework), scales of measurement, and outcome (construction of the tool, mapping the outcome) that distinguish between the two. The statistical and spatial differences observed in this analysis are related to the scale of measurement of the initial indicator (county versus statewide averages), the latter showing less differentiation than the former. The variable choices are defendable in both schemes, but reflect different underlying conceptualizations on the meaning of resilience. Finally, the spatial representation of the comparisons may indeed be a function of the measurement scale of the underlying data which produces a state-centric pattern, aggregation/disaggregation biases (averaging county BRIC to statewide scores), but could also be due to the data visualization especially the mapping categorization employed (standard deviation versus natural breaks). Such differences are important to recognize especially when choosing an approach or index used for decision making and operational purposes.
While the results are not surprising or as significant as we had hoped, they do point to a number of needed advances in resilience metrics from the point of view of public policy. The first issue is data fidelity. To be useful, data must be comparable across local scales (counties or smaller enumeration units). This means that input data into whatever schema is being used to measure or monitor resilience must be consistent across the US. In this respect, the intent of the FEMA approach to provide federal data sets for localized use in resilience and to develop new ones is important, and hopefully stimulates the collection of new data related to community resilience across federal agencies.
The second issue involves the indicators themselves and the reporting scale. In order to be efficient in the effort to provide federal datasets for localized use especially in the resilience arena, there should be some standardized understanding of what should be measured, how often, and by whom. What are the essential (and measureable) elements in contributing to community resilience? While some have tried to identify core indicators (Cutter 2016; NIST 2016; NASEM 2017 NASEM , 2018 , there is no consensus as of yet. For policy purposes, it seems attractive to use federal datasets to insure data comparability, but for building capacity and defining resilience as a process, perhaps other information gathering approaches would be most useful -building disaster resilience from the bottom up rather than top down.
Finally, some thought as to whether or not such an elusive concept such as disaster resilience can be effectively and efficiently measured is warranted. As noted in the National Academies (2012) report, "The process for improving resilience is dynamic, adaptive, and transparent and acknowledges the existence of interconnected and interdependent sets of social, economic, natural, and manmade (sic) systems that support communities…No single sector or entity has ultimate responsibility for creating the foundation and driving the engine of resilience. These are shared responsibilities (NAS 2012, 211) ." Perhaps a more salient challenge for the developers of resilience metrics is to elucidate in a transparent way responsiveness to the concerns emanating from three foundational questions. Why does resilience measurement matter? Resilience to what? And resilience for whom? Such questions not only drive the conceptual framing of policy-relevant resilience approaches, but ultimately may stimulate new thinking and utilization of innovative data and methods.
